This paper uses unique and detailed transaction data to analyse herding behavior among pension funds. We distinguish between weak, semi strong and strong herding behaviour. Weak herding occurs if pension funds have similar rebalancing strategies. Semi strong herding arises when pension funds react similarly to other external shocks, such as changes in regulation and exceptional monetary policy operations. Finally, strong herding means that pension funds intentionally replicate changes in the strategic asset allocation of other pension funds. Without an economic reason. We find empirical evidence supporting all three types of herding behaviour in the asset allocation of large Dutch pension funds.
Introduction
This paper uses unique and detailed transaction data to analyse herding behaviour among institutional investors using a rebalancing model based on Calvet et al. (2009) in combination with a spatial estimation approach. Nofsinger and Sias (1999) define herding as a group of investors trading in the same direction over a period of time. In order to analyse this thoroughly we distinguish between weak, semi strong and strong herding behaviour. Weak herding is related to the information motive in the literature, semi strong herding to the regulation motive and strong herding to the reputation motive. We document empirical evidence to support all these types of herding in the asset allocation of large Dutch pension funds. Our findings have potential implications for policy makers who are interested in financial stability. Whereas weak herding can contribute to financial stability, strong herding is a risk for financial stability if pension funds deliberately replicate each other investment strategies without economic reason. Furthermore, regulators need to be aware that semi strong herding might imply that pension funds react in a similar way to regulatory changes.
Global asset portfolios of institutional investors, such as pension funds, have grown substantially over the past decades. Economic and financial policy makers around the globe have therefore become increasingly interested in the factors driving the allocation of these assets. One of the main motivations behind asset allocation decisions that receives increasing attention from global policy-making institutes is investor herding behaviour. The IMF does multiple studies on this phenomenon, e.g., Bikhchandani and Sharma (2001) ; Papaioannou et al. (2013) ; Jones (2015) ; Cipriani and Guarino (2014) . Also the World Bank analyses herding behaviour in Raddatz and Schmukler (2011) , as well as the Federal Reserve (Chari and Kehoe, 2002; Cai et al., 2012; Chari and Phelan, 2014) and the Bank for International Settlements (Borio et al., 2001; Nirei et al., 2012) .
A key reason why these institutions study herding is its potential implications for financial stability. EIOPA recently provided evidence that pension funds contribute to financial stability as a result of rebalancing strategies (EIOPA, 2016) . Since most pension funds aim for a more or less fixed asset allocation within a narrow bandwidth, they typically will buy equities following a period in which the equity allocation decreased. The latter will be driven by relative price effects or exchange rate effects in the prior period(s). The Office of Financial Research in the United States identifies asset manager's herding as one of the key vulnerabilities to financial stability (Elliot, 2014) . If asset managers enter, e.g., into fire sales simultaneously, this can have an amplifying effect on asset price volatility. The Bank of England recently also comments on this phenomenon, relating it to the fact that more pension funds have delegated the management of their assets to external parties (Haldan, 2014) . This outsourcing gives rise to the question whether pension fund's asset allocation decisions are interdependent.
We specifically look at herding behaviour among pension funds that, because of their size, are important institutional investors in financial markets. On the one hand, pension funds are long term investors that are able to pursue an optimal long term investment strategy to the best interest of the pension fund's beneficiaries. This may also contribute to financial market stability as pension funds can offer liquidity in times of financial markets stress. On the other hand, pension funds are typically constraint investors, e.g., by the size and the nature of the liabilities, the risk preferences of the key stakeholders and by external regulation. Pension funds can also feel a constraint from peer group pressure. They may want to invest closely in line with other pension funds to avoid the reputation risk of having to report strongly deviating investment returns. This paper distinguishes between three types of herding. We define weak herding as the result from the fact that pension funds have similar rebalancing strategies. Most pension funds operate this way (Bikker et al., 2010; Gorter and Bikker, 2013; Calvet et al., 2009 ). This behaviour is inherent to the investment strategy of pension funds and the transactions resulting from the rebalancing strategy are not obviously a form of herding in the sense that pension funds deliberately mimic the transactions of other pension funds. This unintentional or spurious form of herding occurs because groups face similar decision problems and information sets and take similar decisions (Bikhchandani and Sharma, 2001) . Semi strong herding arises if pension funds react similar to external shocks, e.g., changes in pension fund regulation. Sias (2004) and Andonov et al. (2013) , e.g., show that regulation can have a significant impact on pension fund's investment decisions. We define strong herding as a case in which pension funds intentionally copy the investment decisions of other pension funds, without an economic reason. This could, e.g., be the case if a group of pension funds follow changes in the strategic asset allocation of another pension fund or a group of pension funds. In this type of herding, an informed agent follows the trend even though that trend is counter to his initial information about the asset value (Avery and Zemsky, 1998) . Whereas weak herding can contribute to financial stability, strong herding is a risk for financial stability. This paper seeks to shed light on herding behaviour among Dutch defined benefit funds. The Dutch pension system is an interesting case study for several reasons. First, it is relatively large in terms of size: total assets represent roughly twice the size of GDP of the Netherlands. The investment behaviour of these pension funds is therefore of significant importance to Dutch financial stability. Second, during the recent financial crisis, most pension funds in the Netherlands suffered considerable decreases in their funding ratios. Indeed, pension fund's funding ratios (as defined by the ratio of total assets over liabilities) moved largely in tandem. This is fuelled by the impact of changes in the term structure of interest rates on the value of the liabilities. But also the assets have been hit in a similar way as pension funds all have very broadly diversified investment portfolios. The returns will therefore be very similar.
We examine the extent to which these pension funds follow one another in terms of changes in their asset allocation. We use a unique dataset from De Nederlandsche Bank (DNB), containing monthly transaction data of large Dutch occupational pension funds across a period from January 2009 until January 2015. To test our hypotheses, we employ an econometric specification based on a rebalancing model in combination with a spatial estimation approach. The latter, although common in the political economy literature (see, e.g., Beck et al. (2006) ; Franzese and Hays (2007) ), is to the best of our knowledge a novelty in the pension economics literature. This approach enables us to estimate the spatial dependence of pension fund's equity and bond allocations. We also check the robustness of our results using an alternative model specification based on the Error Correction Model (Engle and Granger, 1987) .
The remainder of this paper is organised as follows. Section 2 reviews motivations in the literature for herding behaviour among asset managers. Section 3 introduces the hypotheses we will test, while Section 4 describes our data. In Section 5 we lay out the model for our empirical analysis. The results are discussed in Section 6. In Section 7, we replicate the analysis using an alternative regression model to check for robustness of the obtained results. Section 8 concludes the current paper.
Motives for herding behaviour
There is an extensive body of theoretical and empirical literature on institutional herding behaviour. Institutional investors may exhibit herding behaviour for a number of reasons. Bikhchandani and Sharma (2001) mention three motives for herding behaviour: information-based herding, compensation-based herding and reputation-based herding. We present an almost similar classification of motives, distinguishing between an information motive, a regulation motive and a reputation motive. Moreover, we apply an ordering to these motives, reclassifying the information motive as weak herding, the regulation motive as semi strong herding and the reputation motive as strong herding behaviour. Weak herding is unintentional, while strong herding is intentional. All are discussed in more detail below.
Information motive (weak herding)
We define weak herding behaviour as the result from the fact that pension funds have similar rebalancing strategies. Investors typically rely on similar sources of information when they make investment decisions. The information could for instance be market signals such as the returns on different asset classes. This can lead to herding behaviour, which we classify as weak because it is an unintentional consequence of being exposed to similar information. Typically, pension funds have a rebalancing strategy, by aiming for a fixed asset allocation (Calvet et al., 2009; Bikker et al., 2010; Gorter and Bikker, 2013; Rubbaniy et al., 2012) . Recently, Blake et al. (2015) report short-term mechanical portfolio rebalancing by UK pension funds. Also EIOPA recently published evidence that pension funds typically have rebalancing strategies (EIOPA, 2016) . This way pension funds counteract changes in the asset allocation due to valuation changes in the different asset classes. Since pension funds are exposed to similar market risks, this results in trades into similar directions. Hence, this unintentional herding occurs because pension funds face similar decision problems and information sets (Bikhchandani and Sharma, 2001 ). For example, Rauh (2006) identifies the dependence of investments for defined benefit pension plans, particularly when financial constrained. Very similar, the rising popularity of "index tracking" also leads to herding behaviour among institutional investors. Gleason et al. (2004) ; Chen et al. (2011); Shek et al. (2015) and Shek et al. (2015) document herding behaviour in the market for exchange traded funds (EFTs).
Regulation motive (semi strong herding)
Semi strong herding arises if pension fund react similar to external shocks, e.g., changes in pension fund regulation. Pension funds that are subject to the same regulation may choose similar asset allocations, which can result in herding. If the price of risk in regulation makes some asset classes with specific characteristics more attractive to investors, those investors may have an incentive to adjust their asset allocations in the same way (Sias, 2004) . On the other hand, regulation can cause investors to dislike some other asset classes with certain characteristics. These preferences or aversions for assets with specific characteristics can be measured from changes in regulation. We classify this as semi strong herding, because in this case pension funds actively make an investment decision following specific changes in circumstances that relate to them. In the literature some examples can be found of this so-called characteristic herding. Severinson and Yermo (2012) show that the introduction of risk-based solvency standards resulted in an increased demand for government bonds by Swiss insurance companies in 2006. Another example is the shift from equities to bonds by UK pension funds due to the introduction of fair value accounting in FRS17 in 2003 (Amir et al., 2010) . In addition, Andonov et al. (2013) show that GASB regulation of US public pension funds favours equity investments as the level of the liability discount rate is derived from the expected return on assets. US public pension funds can artificially improve their financial position by investing in more risky assets. Of course, the introduction of new accounting or regulatory standards does not necessarily lead to shifts in investors allocations. For example, Amir et al. (2010) also find that the introduction of fair value accounting for corporate pensions funds in the United States (SFAS 158 in 2006) did not have pronounced effects in asset allocations.
Reputation motive (strong herding)
We define strong herding behaviour as a case in which pension funds intentionally copy the investment decisions of other pension funds. Reputation-based or strong herding therefore occurs when pension funds actively react to the investment behaviour of others, without an economic reason. It can be distinguished in two subclasses: career pressure and peer group pressure. Scharfstein and Stein (1990) claim that due to career pressure managers will "follow the herd" if they are concerned about how others will assess their ability to make judgements. In other words, asset managers may be concerned about their labour market position and therefore may choose to mimic investing behaviour of other asset managers. Prendergast and Stole (1996) show that reputation herding can be regarded as an inefficient handling of information due to concerns on the reputation of the investor himself. In an ideal world, every individual would behave like a rational Bayesian, optimally learning about the economic environment by correctly combining new information with prior knowledge and then using this information to maximize value. However, actors deviate from this efficient behaviour because they care about their reputation. Moreover, Prendergast and Stole (1996) show that young investment managers want to emphasize their learning capacities by exaggerating the importance of new information, while old managers are less willing to change their behaviour based on new information because they do not want to suggest their previous behaviour was wrong. Dasgupta et al. (2011) document that career-concerned asset managers exhibit the tendency to replicate past trades. Moreover, they prove that this has an effect on pricing: dealers take advantage of a manager's reputation motivation by offering trades above expected liquidation values based on available information. Managers typically are willing to pay excessively high prices because they expect a reputation reward. Nofsinger and Sias (1999) show that institutional investors are more prone to herding behaviour compared to individual investors. This could indicate the presence of a labour market incentive among institutional investors.
The second subclass of reputation herding is peer group pressure. This occurs if the risk-taking behaviour of an individual asset manager is affected by the risk-taking behaviour of other managers in his peer group (Graham, 1999) . In that case an asset manager chooses to ignore her private information and mimic the actions of another asset manager. The reputation of the other asset manager is then thought to be superior over the asset manager's private information. In following the herd and neglecting private information reputation herding is a bit similar to herding on informational cascades. However, reputation herding models have an additional layer of mimicking which results from positive reputation externalities that can be obtained by acting as part of a group (Graham, 1999) . Investors can infer information from the trades of other asset managers. Banerjee (1992) describes this behaviour as rational for an individual investor, as the other investors have relevant information for him. The author however shows that the equilibrium is inefficient if all investors use information of others instead of their own.
Risks and costs of herding
Herding behaviour has potential consequences for market volatility. A classic example is the creation of price bubbles (Avery and Zemsky, 1998; Brunnermeijer and Nagel, 2004) . Bubbles can arise when rational investors neglect their own private information because they belief that most other traders have very accurate information, while they are in fact poorly informed. Jacklin et al. (1992) show that lack of perfect information by investors about the quality of the information possessed by other traders explains the stock market crash of 1987. Also Bikhchandani et al. (1992) explain short term bubbles and bursts from an informational cascades that occur when individuals follow the behaviour of others without regarding their own information. Investors who decide early may be crucial in determining which way the majority will decide. If it turns out, e.g., when new information arrives, that investors who have taken a wrong decision, are likely to start herding in the opposite direction. This increases market volatility (Bikhchandani and Sharma, 2001 ). Hirshleifer et al. (1994) analyse under which conditions investors find it more profitable to collect information on stocks that are followed by many investors, instead of comparable stocks that are being ignored by the investor community. These cases where investors infer information from the trades of other asset managers can lead to the strong herding behaviour.
Herding behaviour comes at a cost. Wei et al. (2012) show that contrary investors benefit from providing liquidity to herding asset managers by trading against them. Froot et al. (1992) find that in markets with short term trading there may be information inefficiencies where positive spill-overs arise: in these cases it turns out to be rewarding for short term investors to herd by focusing "too much" on some types of information, while neglecting other types. The reason is that if more short term speculators study a given set of information, then more of that information disseminates in the market and, as a consequence, profits increase from learning a specific set of information at an early stage.
Testable hypotheses
We focus our analysis on changes in the equity and bond allocations of the pension funds in our sample. We test for weak, semi strong and strong herding in turn. Weak herding can be assessed by investigating how pension funds rebalance their asset allocation over time. Our first hypothesis is that weak herding exists. Since all pension funds will have some rebalancing policy, we expect to find a spurious relation across pension funds. In addition to that, all pension funds have broadly diversified exposures on global equity and bond markets and will experience similar market returns. Rebalancing is primarily driven by past returns. Several recent papers describe the impact of past returns on asset allocation. Blake et al. (1999) find evidence of rebalancing under 300 UK pension funds aimed to stabilize the actual asset allocation around strategic asset allocation. Rauh (2009) , finds that high past equity returns lead to higher equity allocations and consequently lower allocations to bonds and cash for US corporate pension plans. However, the equity allocations do not move that far as if there had been no rebalancing, implying the pension funds have some rebalancing policy. Pennacchi and Rastad (2011) report evidence that US state and local government pension funds increase portfolio risk compared to the liabilities following periods of relatively poor investment performance. Mohan and Zhang (2014) also find that public pension funds take more investment risk after lower investment returns in the previous years. Obviously, rebalancing is not done continuously. In practice the rebalancing behaviour of pension funds allows for, so called free-floating. Bikker et al. (2010) describes two forms of free-floating. The first is calendar rebalancing, whereby pension funds rebalance their portfolio back to its strategic weights at regular intervals. The second refers to band rebalancing, whereby pension funds create a bandwidth around the strategic weight of each asset class and rebalance their portfolio if the weight of one asset class breaches its band.
Second, we test for semi strong herding by testing how pension funds act upon exogenous shocks. We hypothesize that changes in regulation will affect the asset allocation of pension funds in similar directions. From the literature we know that pension fund investments are at least to some extent driven by regulation. We identify key changes in pension regulation and document the change in equity and bond allocations around (the announcement of) the change. The regulatory incentives for Dutch pension funds in our sample are mixed. First, liabilities in defined benefit plans are valued using the term structure of risk-free market interest rates. This implicitly favours government bonds, swaps and other fixed income securities as appropriate asset classes. However, Dutch pension funds typically run an asset-liability mismatch by investing partially in risky assets. The expected risk premium on these assets can be used to index pension benefits to inflation (Broeders et al., 2014) . Second, regulation allows Dutch pension funds to always rebalance their asset allocation towards their strategic portfolio weights. Also in case they have a funding shortfall, i.c., a funding ratio less than 105 percent. However, in that case pension funds are not allowed to "uprisk". They cannot increase their risk profile in excess of the risk profile of the strategic asset allocation. That would considered to be a case of gambling for resurrection.
1 We therefore highlight that Dutch pension funds are not forced by regulation to "derisk" during financial market stress. Third, we test for strong herding. We hypothesize that pension funds do not want to underperform vis-à-vis their peers as they are regularly exposed in the news concerning their funding ratio. Therefore they have an incentive to actively follow changes in the asset allocation of their peers. For this we test if pension funds copy the changes in the strategic investment behaviour of other pension funds.
Data description
In this section we first describe the structure of the data in Section 4.1. Thereafter, we analyse the risk and return characteristics in Section 4.2 and the proxy asset allocation and explanatory variables in Section 4.3.
Structure of the data
We use monthly transaction data that is sourced from the balance of payments statistics of De Nederlandsche Bank. The primary data used are the pension fund's detailed investment holdings in individual equities and bonds. The holdings are uniquely identified according to their International Securities Identification Number (ISIN). These data show the, so-called, direct investments of pension funds in securities. Pension funds can, however, also invest indirectly in equities and bonds through investment trusts. We also have ISIN data on the investments of these investment trusts. However, except for the two largest pension funds in the sample we do not have information on which pension funds invest in which investment trusts. Therefore, only for the two largest pension funds we can merge the investment trusts with the pension fund data. Because of liquidations and mergers of pension funds, the length of sample period of each pension fund varies in the sample, particularly for corporate pension funds.
We do not analyse the ISIN records directly. Instead we use aggregated transaction data for equities, bonds and investment trusts at the pension fund level. Hence, we aggregate the data for each of the three investment classes j = {1, 2, 3}, for which the following data entries are available: industry-wide pension funds ("bedrijfstakpensioenfondsen"), 16 corporate pension funds ("ondernemingspensioenfondsen") and 5 professional group pension funds ("beroepspensioenfondsen"). Industry-wide pension funds provide pension services to a specific sector or industry, including public sectors. Industry-wide pension funds are typically mandatory. Corporate pension funds operate for a single company. A professional group pension fund is organized for a specific group of professions such as doctors and pharmacists. The dataset covers more than 70 percent of total assets under management in the Dutch occupational pension sector.
The position in bonds includes accrued interest. The values in entries 1 through 7 satisfy two basic rules. First, the market value of the position at the end of this month equals the position at the beginning of the next month, so
Second, the entries in 1 through 7 comply to the following identity relation for each period
where the net transactions
is the difference between the sales and the purchases during the month 
Risk, return and benchmark comparison
As a first step in our analysis we calculate the returns and risks for the different asset classes and compare those to benchmarks. We are restricted to determining the nominal price return as we do not have data on cash dividend receipts for equities. Cash dividends received by pension funds are either used to pay pensions or are used to invest in assets. We calculate the money weighted return on each asset class using the Modified Dietz Method (Dietz, 1966) which is given by
whereby we set w = 0.5. This means that we assume that transactions are on average executed halfway during the month. Then, we calculate the average weighted returnR across all pension funds as followsR
which takes the sum of pension funds i = {1, 2, ..., I} with weights q
based on the investments of pension fund i in asset class j = {1, 2, 3} at time t. The average standard deviation of returns is derived similarly to the weighted average across pension funds.
We compare the equity portfolio return with the return on the MSCI World Price Index and the MSCI All Country World Price Index, both in euros. The bond portfolio returns are compared with the JPMorgan EMU Government Bond Index and the JPMorgan Global Bond Index. The statistics of these time-series are presented in Table 1 .
The mean monthly equity return is 0.86 percent, which corresponds to an annual price return of 10.82 percent. This shows that the period we analyse was relatively good in terms of stock market performance. The monthly standard deviation of equity returns is 3.21 percent or about 11 percent annually. 3 The mean monthly return on bonds is 0.24 percent or 2.9 percent annually. The standard deviation of the monthly bond returns is 1.81 percent or 6.27 percent on an annual basis. We find that the mean return and standard deviation of the returns from investment trust are larger than for bonds and lower than for equity, since investment trusts have both equity and bond holdings.
Some time-series and corresponding correlations are shown in Figure 1 . The average weighted return on equityR equity is about 85% correlated with the MSCI indices and the average weighted return on bondsR bonds is more than 70% correlated with the JPMorgan indices.
We expect the return per asset class to be closely linked to benchmark returns as pension funds typically have broad diversified portfolios and assess their performance relative to a benchmark. The correlations between individual pension fund returns and benchmark returns are shown in Figure 2 . For most pension funds the correlation coefficient between the price return on the equity portfolio and the MSCI World Price Index returns and the correlation coefficient between the returns on the bond portfolio and the returns on the JPMorgan Index are indeed higher than 50%.
Dependent and explanatory variables
The equity and bond allocation are the key dependent variables of interest in our analysis. Table 2 shows the summary statistics of the asset allocations of the pension funds. The mean allocation w j is calculated as the equally weighted average direct equity allocation across all pension funds and across time
for asset class j = {1, 2, 3}. The mean direct equity allocation is 27.04 percent. This is a proxy for the true equity allocation for two reasons. First, our ISIN data do not include information on pension funds investments in other, mainly alternative, asset classes such as, private equity, direct real estate, hedge funds and commodities. Second, pension funds can also have indirect equity exposure through investment trusts. The true asset allocation will therefore deviate from the proxy asset allocation presented in Table 2 . The mean direct allocation to bonds is 46.43 percent. Also this will deviate from the true If we turn to the explanatory variables we observe the following. The variable log (Assets) denotes the natural logarithm of the total assets. This number is below the true log of assets as again not all asset classes are included in our sample. The ratio of active participants over all participants is an indicator of the maturity of a pension fund. The active participants are the participants that pay contributions to the pension fund. The inactive participants are the retirees plus the, so called, dormant members. 4 A dormant or former member is entitled to future pension benefits, but is no longer in the service of the employer and therefore does not contribute to the pension fund. The funding ratio F R is the ratio a pension funds assets to its liabilities. The latter is the total markedto-market value of accrued benefit obligations. The minimum required funding ratio by Dutch legislation is roughly 105 percent. However, 37.76% of the observations do not satisfy this requirement, due to the weak financial position of pension funds during the financial crisis.
The Model
In this section we describe the benchmark model of our analysis. The rebalancing model for the asset allocation is introduced in Section 5.1. Section 5.2 discusses the changes in the strategic asset allocation. In Section 5.3 we extend the benchmark model by a variable which measures the strategic deviations in the asset allocation with respect to other pension funds, depending on their interconnectivity, i.e., we add a spatial estimation 4 We have the data on the number of participants on a yearly basis only. However, the ratio of active participants over all participants is rather stable over time for each pension fund. Therefore, we interpolate the data to approximate this variable on a monthly basis. Furthermore, the dataset contains one so-called "closed" pension fund, which means that no new participants enter the pension fund. The min approach to our benchmark model.
Rebalancing regression model
Over time a pension fund's asset allocation will fluctuate around its strategic level. We perform an analysis based on the method applied by Calvet et al. (2009) . They show that the allocation of a specific asset class can be decomposed into a passive and an active share. The current month's passive share in asset class j is the hypothetical share that would have been obtained in case the pension fund did not traded during the last month
) .
Then, we derive the passive change as the difference between the current passive share and the last month's actual share
while the active change is given by the actual change minus the passive change
Then, we explore to what extent the passive changes explain the active changes, as an estimation for pension funds' rebalancing within a month. However, the returns of the different asset classes determine the asset allocation, not only in the corresponding month, but also thereafter. We capture this effect by including the lagged asset allocation w j i,t−1 in the model. Hence, we apply the following benchmark equation for pension fund i ∈ {1, 2, ..., I}, for month t ∈ {1, 2, ..., T } and asset class j ∈ {1, 2, 3}:
In this model d (Act) the change in the pension fund's share of active participants
is the change in the pension fund's funding ratio 6 , α i pension fund fixed effect, θ t time fixed effect and ε i,t a random error term.
5 The share of active participants is defined as the number of active members divided by the total number of participants, being active members, dormant members and pensioners. 6 There is one missing observations for the funding ratio, which we replace by an approximated value using interpolation. Figure 3 : Graphical illustration of rebalancing and strategic deviations from an equity allocation over time
Rebalancing and changes in the strategic asset allocation
The asset allocations fluctuate over time because of two reasons: (i) pension funds rebalance in response to the returns of the different asset classes, and (ii) the pension fund's strategic asset allocation changes over time. Figure 3 provides a graphical illustration of the rebalancing effects and the strategic deviations. When the returns on equity are, e.g., relatively high compared to the return on other asset classes, the pension fund can sell equities to buy other asset classes. This process is referred to as rebalancing. If pension funds continuously rebalance their portfolio, the effect under (i) will be completely offset. Continuously rebalancing however is costly and it is not always possible and necessary to immediately respond to fluctuations in the asset returns. Therefore, most pension funds allow the asset allocation to drift between certain limits. For example, a pension fund might allow the equity allocation to fluctuate between 40 and 50 percent. In practice rebalancing will therefore only be partial. According to Bikker et al. (2010) , rebalancing accounts for 39 percent of the portfolio changes. All pension funds are expected to have a rebalancing strategy, otherwise the actual asset allocation will drift away from the strategic asset allocation. They take active investment decisions based on similar market information. Rebalancing can therefore be interpreted as a form of weak herding.
It is hard to disentangle the strategic deviations from the rebalancing effects, which are the two effects that cause the changes in the equity allocation. Over the long run, however, deviations in the equity allocation can be considered as a strategic decision of the pension fund's management -see Figure 3 . Hence, we disentangle changes in the strategic asset allocation from the rebalancing effects by tracking the changes over a long time period. Our measure for changes in the strategic asset allocation is denoted by
For a large enough time span τ , the fluctuations due to volatile asset returns are smoothed out, such that we mainly measure the changes in the strategic equity allocation. Typically pension funds review and adjust their strategic asset allocation every three years, with a midpoint of 18 months. We therefore look at τ ranging from 12 to 24 months. If we extend τ further we would lose too many observations.
Interconnectivity
The final step in our model is to apply spatial econometric analysis to determine the interconnectivity between pension funds to test for strong herding behaviour. For that we use a weighting matrix W of size [IT × IT ] that denotes the spatial distance between pension funds. We define different matrix specifications, in order to test herding between pension funds with specific characteristics. For example, we assign weights equal to one in case pension funds are of similar type, have similar share of active participants or are of similar size. Alternatively we can test whether, for example, the three largest pension funds are market leader, which holds when they are followed by all others. Hence, for measuring the connectivity of pension funds to their competitor's deviations in the equity and bond allocation, we extend our benchmark model with a spatial relation toward Z, as follows:
whereby W i denotes the (spatial) weighting matrix, which relates the changes in strategic asset allocation of the different pension funds. 7 We argue that it is plausible that pension funds observe each other's asset weights, e.g., by quarterly and annual reports.
Results
This section discusses the main results from the empirical analysis. First, Section 6.1 discusses the results with respect to weak herding. Second, Section 6.2 provides a discussion about the findings for semi strong herding. Finally, we investigate the results for strong herding in Section 6.3.
Weak herding (information motive)
In this section we discuss the results of weak herding. This is based on similar rebalancing strategies across pension funds. The motive for weak herding is based on the fact that pension funds have the same market information and will react similar to that as they want stay close to their strategic asset allocation over time. Table 3 presents the results for two specifications of our benchmark model, for both equities and bonds. The first and third column exclude the control variables for the change in active participants and the change in the funding ratio from (3). Both models have been specified using within regression with clustered (by pension fund) standard errors. A Hausman test indicates that a model using unit random effects does not satisfy the corresponding assumptions.
The key observation from Table 3 is that the coefficient estimates in the first two rows support rebalancing strategies of pension funds. First, approximately 20% of the passive changes in the equity allocation is offset by active changes, while for the bond allocation the active changes offset almost 25% of the passive changes. Hence, this implies that pension funds rebalance 20%-25% of the passive changes during the month by active buying and selling in the asset classes. Second, the coefficient estimates for the asset allocation in the previous period w i i,t−1 is around minus 2% and statistically negative at the 1% significance level. Since a high asset allocation in the previous month implies a decline in the corresponding asset allocation in the current month, this finding also shows the tendency of pension funds to rebalance their asset allocation. Both results suggest that pension funds on average rebalance their asset allocation towards a strategic level.
This rebalancing strategy of pension funds contributes to financial market stability as this implies a buy low, sell high strategy. If the return on equities is relatively low compared to bonds (and other asset classes) pension funds will buy additional equities. And reversely, if equities performed relatively well they will sell equities.
Moving on to the two additional explanatory variables in the second and fourth column, we observe that neither the change in the share of active participants nor the change in the funding ratio of pension funds significantly affects equity allocation changes. Since these variables are slowly moving and are likely to exert an effect on the dependent variable over the long term, the monthly deviations are not significantly affected by these effects.
Semi strong herding (regulation motive)
Next we turn to the results for semi strong herding. Changes in regulation can affect the asset allocation of pension funds. This type of herding takes place when investors preferences (risk appetite) towards asset classes with specific characteristics change following new regulation. We test the prevalence of semi strong herding among Dutch pension funds by investigating monthly dummy variables. Table 4 shows the dummy variables for which the specified model produces statistically significant coefficients. The cases listed are significant changes in equity or bond allocation simultaneous to or directly following a regulatory change. According to our knowledge, it is in many instances not a priori clear whether it would be optimal to expand or contract the equity or bond allocation as a result of the corresponding event. Also we cannot be sure the significant time effect comes from the economic and regulatory event around that date. However, on average pension funds appear to react in similar ways, as is demonstrated by the significant time effects around the date of the economic and regulatory event, for which we find multiple examples. Hence, we consider these findings as semi strong herding, which we discuss below. Notice that the sign of the coefficient, even if significant, does not necessarily indicate whether the corresponding asset allocation on average expands or contracts. It is the average net active change in the asset allocation after correcting for the other variables presented in (3).
The main results concern changes in Dutch pension regulation and developments in the Dutch pension system. The first significant time dummy is obtained for May 2009. On 25 May 2009, the Ministry for Social Affairs and Employment (MSAE; this is the ministry responsible for pension fund legislation) announced broad measures in order to tackle the many financial challenges that Dutch pension funds are facing following the financial crisis. It also announced an independent enquiry into pension fund's risk taking in asset management. When the crisis hit, many pension funds had to incur losses on their investment portfolios, forcing some of them to temporarily cut (previously defined) retirement benefits. It is not unlikely that pension funds viewed the May 2009 announcement as a starting point for regulations that favoured de-risking, which would reduce potential losses, but also decrease the likelihood that retirees be compensated for inflation. In this regard, the equity allocation hike in July and August might be in anticipation of stricter regulation of risky investments.
In February 2010, the report of Commission Goudswaard on the long-run financial sustainability of Dutch occupational funded pensions and the report of Commission Frijns on pension funds' investment have been published. Also, the so-called "Commission Parameters" (an independent advisory committee established by the MSAE) published its second report in March 2014. One of the changes in this second report was a reduction in the expected return on equities. These parameters are used by pension funds in making long term stochastic projections of their funding ratios. They are also used in setting the contribution policy. In April 2013, many pension funds were forced to reduce the pension rights of their participants to fulfil the recovery requirements, which is followed by a significant change in the bond allocations in March 2013. Finally, in December 2014, some adjustments in the financial assessment framework for pension funds were adopted.
The European Insurance and Occupational Pensions Authority (EIOPA) is the supervisory authority for Institutions for Occupational Retirement Provision (IORP). We observe significant changes in the asset allocations during January 2011 to March 2011, which is immediately after the establishment of EIOPA and its regulation enters into force. Also in September and October 2010, we obtain a significant change in the bond allocations, around 22 September 2010, when the European Parliament approved the legislation allowing the establishment of European Supervisory Authorities.
Finally, there are some periods in which relevant changes in regulation did not lead to significant time effects in the aggregate asset allocation of Dutch pension funds. For example, the Ultimate Forward Rate (UFR) for pension funds, affecting the discount rates for long term liabilities, was introduced in October 2012. Nonetheless, no significant changes in equity or bond allocations are found around that introduction.
Strong herding (reputation motive)
A final motive driving institutional herding behaviour is reputation. Following the argumentation of peer group pressure, we would expect the risk-taking behaviour of a pension fund to be partly dependent on the risk-taking behaviour of other pension funds. In other words, pension funds follow the asset allocation of one another. We call this strong herding, as this motive suggests a direct link between the behaviour of different actors, rather than an indirect one through common exposure to information or regulation.
We test the hypothesis of the reputation motive by identifying the existence of spatial correlation between changes in pension funds strategic allocations in asset class j, which is measured by Z as our measure for strategic changes in the equity or bond allocation of pension funds, which may potentially be followed by other pension funds. Choosing an appropriate time frame to test the spatial effect of the asset allocation is key. Typically pension funds review and adjust their strategic asset allocation every three years, with a midpoint of 18 months. We therefore capture the strategic deviations in the equity and bond portfolio of a pension fund by tracking the changes over 12, 15, 18, 21 and 24 months. In addition, we specify four different connectivity matrices, which allows us to test alternative channels (based on different ways to measure similarity between funds) of herding between pension funds in our dataset.
A complicating factor in establishing a relationship between active changes in the asset allocation (our dependent variable) and the change in strategic asset allocation of other pension funds is the fact that pension funds tend to rebalance their asset portfolios over time. A change in the composition of asset portfolios may therefore be the result of the fact that a pension fund is merely rebalancing its portfolio to align it with a strategically chosen asset mix. We have no strong prior as to the length of the time horizon across which rebalancing is the strongest. However, we consider it unlikely that this time horizon exceeds 12 months given the regulatory cycle to which Dutch pension funds are exposed. Still, even when some funds rebalance over a longer period of time, this effect should diminish the spatial effect (which is positive according to our hypothesis), not strengthen it. Table 5 contains the results of this analysis, which are based on the model as described in (4). Hence, we use the same estimator (fixed effects regression with cluster-robust standard errors) and include all explanatory variables included in that model. Yet, for the sake of parsimony, only the spatial lags coefficients are displayed in the table. The columns feature four spatial lags based on the following connectivity matrices. In the first column, all pension funds are connected to the three largest pension funds in terms of assets under management. In the second column, pension funds are only connected to other pension funds when they are of similar size (also measured by assets under management). We distinguish between small, medium-sized and large pension funds, where the thresholds between these categories are at 3 billion and 9 billion euros, respectively. This way, each of the three categories represent roughly a third of the dataset. In the third column, pension funds are connected only to the same "type" of pension funds. We distinguish between three types of pension funds: industry-wide, professional group and corporate pension funds. The fourth column connects pension funds only to other funds when they have similar share of active (still working) participants as opposed to retired participants. We distinguish three categories with thresholds at 25% and 40% active participants. Again, this results in roughly equally sized categories. Finally, none of the connectivity matrices allow for pension funds to be connected to themselves, which is indicated by setting the corresponding weights in W equal to zero. To the extent that pension funds "follow themselves" (i.e. demonstrate path dependence in their asset allocation), this effect is captured by the lagged asset allocation and pension fund fixed effect which are included in all models as is done in the benchmark model. Moving to the results, we observe that two of the four columns generate some significant coefficients. Column two, which contains a spatial lag that is based on fund size similarity, suggests that there is a positive effect over a time horizon of 15 and 18 months for which we find the most robust evidence of strong herding behaviour. If pension funds increase their equity allocation over the last 15-18 months with 1 percentage point on average, then pension funds with a similar size typically increase their equity allocation by 0.35 to 0.47 percentage point as well. Both in terms of significance and size, the effect diminishes when the time horizon moves away from these 15-18 months. As discussed above, this could be partly due to rebalancing, but we find it equally likely that pension funds do not change their strategic asset allocation over a shorter period of time.
There is also some (although less robust) evidence that pension funds follow the equity allocation of the three largest pension funds. Given the spatial effects of similarly sized pension funds discussed above, this result is perhaps not surprising. In terms of time horizon, the evidence is found at 12 months, but also at 18 months, as it does in column two. The significant coefficient estimates are almost equal to 2, meaning that when the three largest pension funds increase their strategic equity allocation by 1 percentage point, the other pension funds overreact with an increase of their equity allocation by almost 2 percentage points.
We found less statistical evidence concerning bond allocations. However, the two cases for which we found strong herding at 5% significant level are similar to the cases for the equity allocation.
These results need to be interpreted with care. As already mentioned, it is not possible to perfectly disentangle changes in the strategic asset allocation from the rebalancing effect. Furthermore, it strongly depends on the specification of the connectivity whether strong herding can be identified. This appears not to be the case for the connectivity among pension funds with similar type or similar share of active participants.
Robustness Checks
As a robustness check, we perform an alternative analysis in this section. First, we explain the alternative model in Section 7.1. Second, we discuss the results with respect to weak herding, semi strong herding and strong herding in Section 7.2, Section 7.3 and Section 7.4, respectively.
Error Correction Model for changes in the asset allocation
We perform an alternative analysis using a slight adoption of the Error Correction Model (Engle and Granger, 1987) . The asset allocations are again the key interest in our analysis.
We cannot reject that the asset allocation is a stationary variable. The test results for unit-root of equity and bond allocations are shown in Appendix B. This could lead to biased results when left unattended in the analysis. To tackle this issue, we take the changes in the asset allocation d (w i,t ) ≡ w i,t − w i,t−1 as the dependent variable, which satisfies stationarity. The returns of the different asset classes determine the asset allocation, not only in the corresponding month, but also thereafter. For the changes in the asset allocation in the corresponding month we include the returns of the three asset classes, while for the changes thereafter we again include the lagged asset allocation w j i,t−1 in the model. Hence, we specify the following model that has similarities with the Error Correction Model
To replicate the analysis of Section 5.3, we also test for strong herding, by extending the regression to
7.2 Weak herding Table 6 presents the results of our alternative regression model (5). Reading the table from top to bottom, the change in equity allocation is obviously positively related to equity returns. This result simply points towards the fact that the equity allocation increases by construction if equity returns are positive. Conversely, and following the same line of reasoning, equity allocation reacts negatively to positive bond and trust returns.
The key insight from Table 6 is that the coefficient estimates in the first four rows support rebalancing strategies of pension funds. First, the coefficients of the returns from the three asset classes are lower in absolute terms than what we would expect from a "passive strategy", whereby the pension fund does not rebalance, such that the asset allocations are fully determined by the past returns. 8 Hence, the coefficient estimates of the returns from the three asset classes imply that pension funds rebalance during the month by , namely .1063. This means that we need to take all four coefficients into account when we quantify the average extent of rebalancing, as we have done under our benchmark model in Section 6.1. The same holds for the other coefficients and for the bond allocation. offsetting part of the returns, as confirmed by our results in Section 6.1. Second, we observe that the larger last month's equity or bond allocation is, the stronger current month's share is reduced on average. Both results suggest that pension funds on average rebalance their asset allocation towards a desired level, which is in line with our results on weak herding obtained in Section 6.1. For the two additional variables d (Act i,t ) and d (F R t ), we again obtain no significant effect on the dependent variable. Hence, the change in the funding ratio and the change in the share of active members do not affect the changes in the monthly asset allocations.
Semi strong herding
Next we turn to the discussion of the results for semi strong herding, which are presented in Table 7 . We find more significant month effects under our alternative model than under our benchmark model. Since there is quite some overlap with the results obtained in Section 6.2, we only discuss the new significant time effects.
First, we obtain a significant time effect for March 2009, when pension funds with insufficiently high funding ratios received instructions from the regulator for filing recovery plans. Also, the "Commission Parameters" published its first report defining new parameters in September 2009. Their second report, published in March 2014, again significantly affected asset allocations, with lower equity and higher bond allocations.
Furthermore, several developments in the financial assessment framework for Dutch pension funds, the so-called "FTK", took place. For example, in April 2010, a report on the evaluation of the FTK was published, while in May 2012 a letter on the revision of the FTK was released. Both events resulted in significant changes in the next month's asset allocations. In September 2011, MSAE published a report which announced a revision of the standard method for the calculation of risk based buffers for pension funds. Next, in September 2011, a "Pension Deal" was accepted, which includes an agreement among social partners and MSAE concerning the future of the Dutch occupational pension system. In addition, we find one example of the situation in which significant changes in equity Table 8 presents the results of the spatial analysis under our alternative regression model (6). We use the same estimator (fixed effects regression with cluster-robust standard errors) and include all explanatory variables included in that model. Again, only the coefficients of the spatial lags are presented.
Strong herding
Again, the first column, which contains spatial lags with the three largest pension funds, and the second column, which contains spatial lags based on fund size similarity, provide the only statistically significant evidence on strong herding. For almost all cases which are significant in Table 5 , we again obtain significant coefficient estimates for the spatial lag at 5% under our alternative regression model. Moreover, the strongest evidence is again obtained for the equity allocation over 15 to 18 months for pension funds with similar size. From this result we can conclude that when pension funds increase their equity allocation over the last 15-18 months with 1 percentage point on average, then pension funds with a similar size typically expand their equity holdings by 0.36 to 0.49 percentage point. We can conclude that our results on strong herding are robust to the type of regression model as we obtain qualitatively the same results as the ones we have obtained in Section 6.3.
Conclusion
This paper uses unique and detailed transaction data to analyse herding behaviour among pension funds. We distinguish between weak, semi strong and strong herding behaviour. Weak herding occurs if pension funds have similar rebalancing strategies. This is unintentional herding based on the fact that pension funds act similar upon the market information. Following the literature this type of herding has an information motive. Semi strong herding arises if pension funds react similar to other external shocks, e.g., changes in pension fund regulation. Herding has a regulation motive in this case. Finally, strong herding occurs if pension funds intentionally replicate changes in the strategic asset allocation of other pension funds. In this case herding has a reputation motive. Pension funds may adjust their investment strategy as a result of peer group pressure without an economic reason.
We find empirical evidence for all three types of herding. For that we use monthly holdings and transaction data of 39 large Dutch pension funds over the period 01/2009 through 01/2015. The primary data used are the pension funds detailed investment holdings in bonds, equities and trusts. These holdings are uniquely identified according to their International Securities Identification Number (ISIN). We aggregate the holdings and transaction data for these three asset classes. We focus the empirical analysis on the equity and bond allocation. We apply a rebalancing regression model to track changes in the equity and allocation over time and to measure the spatial distance between pension funds. Our key findings are the following.
Pension funds exhibit weak herding behaviour. Pension funds rebalance their asset allocation in the short run and, hence, they react similar to market information. We find robust evidence that more than 20% of the passive changes in the equity allocation are offset by active changes during the month. For bonds this rebalancing of the asset allocation accounts for almost 25%. Since rebalancing implies a buy low and sell high strategy, pension funds contribute to financial market stability.
In addition, pension funds demonstrate semi strong herding behaviour. We find multiple examples where pension funds adjust their equity and bond allocation around (the announcements of) changes in pension fund regulation.
Finally, pension funds also display strong herding behaviour. The most robust evidence of strong herding is obtained for pension funds with similar size over a 15 to 18 month period. If pension funds increase their equity allocation with 1 percentage point on average, then pension funds with a similar size typically increase their equity allocation by 0.35 to 0.47 percentage points with a lag of 15-18 months. The 18 month period is halfway the typical three year cycle at which the strategic asset allocation is reviewed and adjusted. Our results indicate support for the information, regulation and reputation motives of herding.
We find that our results are robust by replicating the analysis using an alternative regression model. The results from this confirm that pension funds rebalance their asset allocation. Also there is quite some overlap with the results on semi strong herding. However, in addition we also document evidence of (small) changes in asset allocation in response to exceptional monetary policy operations. Furthermore, we obtain qualitatively the same results on strong herding from an expanded model with spatial lags.
Our findings have potential implications for regulators and policy makers who are interested in safeguarding financial stability. Whereas weak herding can contribute to financial stability, strong herding behaviour is a risk for financial stability. Regulators need to be aware that semi strong herding behaviour might imply that pension funds react in a similar way to regulatory changes. To prevent a large impact on asset allocations the regulatory price of risk for the different asset classes should be balanced.
There are some points to consider when interpreting the results. There are two reasons why we are compelled to analyse a proxy of the true asset allocation. First, our holdings and transactions data represent the majority of pension fund investments but exclude alternative asset classes, such as private equity, direct real estate, hedge funds and commodities. Second, pension funds can also have equity and bond exposures indirectly through the investment trusts. Since we have no detailed information on the holdings and transactions data of the investment trusts we cannot offer the complete picture on changes in the true asset allocation. In our sample roughly 26.5 percent is allocated to investment trusts. For future research we could extend our analysis by researching herding behaviour in specific segments of the equity market, or even in specific stocks and the deployment of derivatives to hedge risks. > 1 -(92 observations deleted).
B Testing for Unit Roots
Since we have a fixed number of pension funds (I = 39) and we assume that pension funds have a infinite horizon (T → ∞), we apply the Fisher-Dickey-Fuller test for a unit root. To control for time effects, we subtract the cross-sectional means. The model we test, the corresponding hypotheses and the test results are shown in Table 9 , for which we specified 6 lags. The results are robust for the specification of the number of lags. Hence, we have no evidence to reject the null hypothesis, so we conclude that the panels for the equity and bond allocation contain unit roots.
